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Abstract—This paper deals with the discrimination between
suffering and healthy fetuses, by means of a delta-fuzzy-similarity
entropy. This new descriptor of complexity is based on the
derivative of the fuzzy-similarity entropy. It was tested on fetal
heart rate time-series and compared to the approximated and
similarity entropies. The main outcome was the possibility to
improve 10% the specificity and the sensitivity as compared to
approximate entropy. This very good performance confirms that
the new descriptor can be a valuable alternative as compared to
other standard descriptors.
Keywords—delta-entropy, Entropy, Fuzzy, complexity, time se-
ries, suffering fetus.
I. INTRODUCTION
Analysis of fetal heart rate (FHR) is now a crucial step that
is unavoidable for detecting the fetal distress. This analysis
might help obstetricians to decide for immediate delivery
by cesarean section but it might also be helpfull to better
understand the fundamental reasons leading to foetal distress.
This analysis was made difficult due to the wide range of
possible pathologies and symptoms encountered during the
gestational period.
A lot of work have shown the relevance of the complexity
analysis of both human heart rate and fetal heart rate, and a
huge number of indicators have been proposed [1], [2], [3],
[4], [5], [6]. The most well-known descriptors were based on
different kinds of entropy, as for instance, the approximate
entropy or the sample entropy (SamEnt). These descriptors
were devoted to characterize time series, and were used to
measure the degree of regularity of the analysed time series.
These measures were all based on the evaluation of the
probability of finding similar m-patterns.
Recently a certain number of researchers has demonstrated
the relevance of the similarity study of centered m-patterns [7].
This analysis consisted in calculating the probability of finding
m-patterns located everywhere in the time series x(n) and no
more located on the same magnitude level of the time series.
By doing so, true similarities were sought as exemplified in
Fig. 1.
To improve the analysis of such similarity, this analysis can
be advantageously completed by the introduction of a fuzzy
Fig. 1. By removing the baseline of each m-patterns, it was possible to
count 7 similar m-patterns located everywhere in the time series whereas
only 2 m-patterns were accounted when the baseline was not removed.
membership function. This leads to the enhancement of the
statistic stability as mentioned in [8], [9], [10].
Our study aimed to improve the differentiation between
normal and suffering foetuses by deeply investigating the
links between m-patterns. To do so, we investigated the fuzzy
similarity entropy previously introduced by [9], [11] and we
extended its definition to δ-entropy.
We showed that it was possible through the delta-fuzzy
similarity entropy method as compared to existing methods to
better discriminate healthy fetuses from suffering foetuses.
To prove this, we compared our proposed method derived
from the new δ-entropy concept, to existing methods from our
FHR dataset.
II. METHOD
The method that we have proposed aimed to evaluate the
complexity of time series in a way to discriminate distressed
fetuses to normal fetuses. The proposed method consisted in
evaluating the entropy through the assessment of probability
of finding the presence of m-patterns.
Fig. 2. Exponential membership function. The rectangular shape was obtained
for p =∞ and the gaussian shape was obtained for p = 2.
From the time series vector X composed of 720 points, a
vector sequence X(m)i was formed :
X
(m)
i =
{
x(i), x(i+ 1), ..., x(i+m− 1)}−X(m)i , (1)
with
X
(m)
i =
1
m
m−1∑
l=0
x(i+ l).
These m-patterns X(m)i were formed directly from the original
m consecutive values extracted from the time series.
To catch the similarity of these two m-patterns X(m)i and
X
(m)
j , it was judicious to remove the baseline of each m-
patterns. By doing so, all similar m-patterns located every-
where in the time series were accounted. In other words,
instead of finding absolute m-patterns, all relative m-patterns
were sought in the entire time series x(n).
In this case, to account whether a vector X(m)i was similar
to another vector X(m)j within a tolerance r, the correlation
summation C(m)i (r) was evaluated by:
C
(m)
i (r) =
1
N − (m− 1)
N−m−1∑
j=1
Θ
(
r, d
(m)
i,j
)
. (2)
Θ was a membership function, represented in Fig.2, defined
as follows :
Θ
(
r, d
(m)
i,j
)
= e
−
 d(m)i,j
r
p
(3)
and d(m)i,j represented a distance between the two m-patterns
X
(m)
i and X
(m)
j defined as follows:
d
(m)
i,j = d
(
X
(m)
i ,X
(m)
j
)
= max
k∈(0,m−1)
∣∣x(i+ k)− x(j + k)∣∣ .
(4)
When the family of exponential function exp(−(d(m)i,j /r)p)
was selected as a membership function, the parameter p needed
to be fixed. When p tends to infinity the membership function
tended to the Heaviside function while p = 2 the membership
function was gaussian.
Fig. 3. Traces of two fetal heart rate (FHR). (Top) FHR of a healthy fetus.
(Bottom) FHR of distressed fetus. FHR of distressed fetus varied more rapidly
than the healthy fetus.
We defined a new function δ(m, k) based on the difference
between Φ(r)(m) and Φ(r)(m+ k) as follows:
δ(m, k, r) =
(
Φ(r)(m)− Φ(r)(m+ k)
)
k
(5)
where
Φ(r)(m) =
1
N − (m− 1)
N−(m−1)∑
i=1
logC
(m)
i (r) (6)
Note that the approximate entropy is a special case of equation
(5) when k = 1.
To sum up (see Table I), six entropy indicators were
considered here: three existing descriptors such as approximate
entropy (AppEnt), similarity entropy (SimEnt) and fuzzy simi-
larity entropy (FuzzySimEnt) and three new δ-descriptors such
as δ-approximate entropy (δ-AppEnt), δ-similarity entropy (δ-
SimEnt) and δ-fuzzy similarity entropy (δ-FuzzySimEnt).
k = 1 k > 1
baseline removed p =∞ SimEnt δ-SimEnt
baseline removed p = 2 FuzzySimEnt δ-FuzzySimEnt
baseline p =∞ AppEnt δ-AppEnt
TABLE I. SUM-UP OF THE DIFFERENT ENTROPY TECHNIQUE USED.
III. APPLICATION TO FETAL HEART RATE TIME
SERIES
A. Protocol
Our database included 130 FHR traces which were col-
lected from our home-made ultrasound Actifoetus Unit in 65
pregnant women. The women were in a gestational age ranging
from 25th and 39th week. Recordings were obtained at CHRU
"Bretonneau, Tours, France. The consent of each patient was
obtained and the study was approved by the ethic committee
of the Clinical Investigation Center for Innovative Technology
of Tours (CIC-IT 806 CHRU of Tours).
Fig. 4. Boxplot of different entropies for suffering and healthy fetus. Standard
indicators were obtained for m = 2, k = 1, r = 0.2 while δ-indicators
were obtained for m = 2, k = 2, r = 0.2. (Top-left) approximate en-
tropy (AppEnt). (Top-middle) similarity entropy (SimEnt). (Top-right) Fuzzy
similarity entropy (FuzzySimEnt). (Bottom-left) δ-approximate entropy (δ-
AppEnt). (Bottom-middle) δ-similarity entropy (δ-SimEnt). (Bottom-right) δ-
Fuzzy similarity entropy (δ-FuzzySimEnt).
The data for each subject consisted of 30 min FHR
recordings composed of 7200 points. Two recordings of 30
min were obtained for each women. FHR was evualated as
proposed by [12].
For each FHR trace, entropies were short-term evaluated
through a sliding window of 720 points with an overlap of
97%. Two FHR traces were depicted in Fig. 3.
Fig. 3 (Top) shows the FHR of a normal fetus while Fig.
3 (bottom) shows the FHR of a distressed fetus. Note the
strong FHR variability of the suffering fetus as compared to
the healthy fetus.
In this study, we considered two groups of fetuses: a control
group of 47 normal fetuses (absence of pathologies at birth, no
antepartum problems and spontaneous delivery) and a group of
18 suffering fetuses, i.e. intrauterine growth-restricted fetuses.
B. Results and discussion
As previously mentioned, six indicators were tested from
our own dataset. Among all possible values of m, the best
performances were obtained for m = 2. The tolerance value
was set at r = 0.2 as its usual value. For the first three
descriptors the parameters were setting to m = 2, k = 1,
r = 0.2. Among all possible values of k, the best performances
were obtained for k = 2. For this condition and for the last
three δ-descriptors the parameters were setting to m = 2,
k = 2, r = 0.2.
A box-plot of each descriptors were reported in Fig.4
for both suffering and healthy fetuses. Fig.4 shows entropy
values higher for suffering fetuses than for healthy fetuses
whatever the entropy descriptor used. This outcome means
Fig. 5. Receiver Operating Curve for each methods: Probability of detecting
pathological fetuses versus probability od detecting normal fetuses. Standard
indicators were obtained for m = 2, k = 1, r = 0.2 while δ-indicators
were obtained for m = 2, k = 2, r = 0.2. The best curve corresponding
to the thick curve was obtained for δ-FuzzySimEnt and the worst curve
corresponding to the red curve was obtained for AppEnt.
that the suffering fetuses had a higher complexity than healthy
fetuses. This result seemed to be corroborated by the more
FHR fluctuating nature of the Suffering fetuses than healthy
fetuses (see Fig.3).
Fig.5 shows the sensitivity versus 1-specificity for the 6
different entropy methods. Note that an ideal method will
have a sensitivity of 100% and a specificity of 100% which
corresponds to a point located in the left-top corner of Fig.5.
Interesting performances are located in the black rectangle in
Fig.5, as for instance, δ-FuzzySimEnt gives a sensitivity of
86% and a specificity of 76% while AppEnt gives a sensitivity
of 70% and a specificity of 61%. The best method is the
δ-FuzzySimEnt and the worst is AppEnt. Note all methods,
whose baseline have been removed, give good results. Fur-
thermore, in all cases the δ versions (δ-AppEnt, δ-SimEnt,
δ-FuzzySimEnt) overpass all methods in their standard form.
This novel finding seems to be an alternative solution
when the discrimination seems to be so hard. In this study,
performances could have been improved 10% in terms of both
sensitivity and specificity.
Methods based on δ-Entropy seems to have the potential to
overpass all existing entropy methods, however this behavior
has to be confirmed for another kind of data.
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